This paper examines the linkages of stock markets across the U.S., Japan and six Asian developing countries: China, India, Indonesia, Malaysia, the Philippines and Thailand during the period January 1, 1993 to December 31, 2012. The volatility spillover is modeled through an asymmetric multivariate GARCH model. We find significant unidirectional shock and volatility spillovers from the U.S. market to both the Japanese and the Asian emerging markets. It is also found that the volatility spillovers between the U.S. market and the Asian markets are stronger and bidirectional during the Asian financial crisis. However, during the last five years, the linkages between the Japanese market and the Asian emerging markets became more apparent.
Indonesia, Malaysia, the Philippines and Thailand 2 . In addition, we use the U.S. and Japan to represent the developed countries in two different regions. We employ an asymmetric BEKK 3 model proposed by Engle and Kroner (1995) and improved by Kroner and Ng (1998) to examine shock and volatility spillovers among each emerging market and the two developed markets spanning 20 years which includes both the 1997 Asian financial crisis and the 2007 subprime financial crisis. Although the empirical finance literature is rich in studies focusing on the transmissions and dynamic linkages of major stock market, this study distinguishes itself from the previous studies in three major respects. First, instead of analyzing the transmission of only among major stock markets, this study examine the dynamic linkages between the developed markets and also six Asian emerging markets which are recognized by major financial institutes.
Second, this study not only examines the long run relationship between different types of markets, but also compares the results of the short run periods which involve two recent major financial crises. Last but not least, due to the improvement of the econometrics software technique, this paper focuses on past shock and volatility spillovers across different markets, instead of the previous literature studying return transmissions.
The remainder of this study is organized as follows. The next section reviews related literature.
Section 3 introduces the background of markets' indices and provides some preliminary statistical analysis of dataset. Section 4 outlines the methodology used to analyze the volatility spillover effects, and the empirical results are discussed in section 5. Finally, section 6 summarizes and makes concluding remarks.
Literature review
Modeling volatility in financial time series has been the object of much attention ever since the introduction of the Autoregressive Conditional Heteroskedasticity (ARCH) model in the seminal paper of Engle (1982) . Subsequently, a large body of this literature has been devoted to the univariate models; see, for example Bollerslev et al. (1992) and Engle (2001) . While the economic integration of international markets became obvious, the relations between the volatilities and co-volatilities of different markets have become the centre of attention. Bauwens et al. (2006) offer several questions which are commonly asked: Does the volatility of a major market lead the volatility of other markets? Does the volatility of an asset transmit to another asset through its conditional variance directly, or indirectly through its conditional covariance?
Do the innovations or the shocks from one market increase the volatility in another market? Are the impacts the same for negative and positive shocks? In order to answer these questions, the multivariate GARCH (MGARCH) model has been widely used in the literature.
Numerous researchers have studied stock market integration among developed countries. Theodossiou and Lee (1993) examine the nature and degree of interdependence of stock markets of the U.S, Japan, the U.K., Canada and Germany by using a multivariate GARCH-M model, and they find that statistically significant mean spillovers exist from the stock markets of the U.S.
to other stock markets. Karolyi (1995) provides additional insight into the short-run dynamics of returns and volatility between the U.S. and the Canadian stock markets, but finds only a weak cross-market linkage in returns and volatility between the U.S. and the Canadian stock markets.
Bae and Karolyi (1994) focus on the joint dynamics of overnight and daytime return volatility for the Japanese and the U.S. stock markets from 1988 to 1992. They also extend the GARCH model to allow for asymmetric effects of "bad news" from foreign market returns shocks. Their evidence demonstrates that if the asymmetric effect is ignored, there are reasonable and significant transmissions between the U.S. and Japan.
However, as the role of emerging markets has become more important, recent research has considered to the linkages between developed markets and emerging markets, because economists and financial analysts point out that benefits of international diversification rely increasingly on investment in emerging markets (Goetzmann et al., 2005) . Worthington and Higgs (2004) explore the transmission of stock returns and volatility in Asian developed markets and emerging markets during the period 1988-2000. They identify the source and magnitude of spillovers by using the multivariate GARCH model and demonstrate that the mean spillovers from the developed to the emerging markets are not homogenous across the emerging markets, and direct spillovers are generally higher than indirect spillovers, especially for the emerging markets. Li (2007) studies the linkages between the two stock exchanges in mainland China and also the stock markets in Hong Kong and in the U.S. by using a multivariate GARCH approach.
While she finds that the Chinese mainland stock markets have closed linkages in terms of return and volatility with the stock market in Hong Kong, but have no direct interactions with the global financial center -the U.S. stock market. By applying a same approach, Li (2012) later investigates the influence of China's stock market reforms on the stock market linkages among China, the U.S., Korea, and Japan. The results show that the Chinese stock market is connected with these overseas markets and the reforms allow spillovers from China to these markets. In addition, Wang et al. (2004) , Wang et al. (2005) , and Lin and Wu (2006) also investigate the relations between the Chinese stock market and other markets. Ng (2000) examines the behavior of volatility spillovers from Japan and the U.S. to six Pacific-Basin equity markets by constructing a volatility spillover model which allows the unexpected return of any particular Pacific-Basin market be driven by a local idiosyncratic shock, a regional shock from Japan, and a global shock from the U.S.. She finds that due to the impact of the world factors, there are significant spillovers from regional country (Japan) to many of the Pacific-Basin countries. At the same time, researchers have also investigated the extent of the transmissions across different markets during a specific event such as a financial crisis (Hooy et al., 2004; Fernández-Izquierdo and Lafuente, 2004; Caporale et al., 2006; Neaime, 2012) .
In addition to exploring relations in equity markets across different countries, researchers have also studied the integration in capital markets by using multivariate GARCH models. Malik and Ewing (2009), and Arouri Hedi et al. (2011) investigate the volatility transmission between oil price and equity returns, and both of them find substantial evidence of return and volatility spillovers. Moreover, Valadkhani et al. (2013) examine the dynamics of cross-country GDP volatility transmission, and they find the shock influences are mainly exerted by the larger economies onto the smaller economies.
Data analysis
The data used in this paper include the stock market indices of six Asian emerging countries, together with the stock market indices of the U.S. and Japan which represent two developed stock markets. due to data limitations. The reason for selecting this period is that both the Asian financial crisis and the subprime financial crisis happened during this time, so in addition to investigating the volatility performance over the long run, we can also explore the dynamic linkages across countries in the short run, or under an economic recovery period.
The data are daily, and we have five trading days per week except for the weekends, yielding a total of 5217 observations. By using daily data in this study, we can capture more information than with weekly or monthly data, such as some interactions that may last only a few days.
However, we bear in mind that the daily data also have some disadvantages compared to lower frequency data. First, the lower frequency data can avoid the interferences associated with the use of synchronized data as the trading day of one country may coincide with a public holiday in another country (Karunanayake et al., 2010) . Neaime (2012) use the average of the recorded previous price and the next price to fill with the missing data arising from the holidays and special events to solve this issue. In this study, we keep the no trading days' price as the same as the previous day, so the return on the weekend or special event is zero 6 . Second, the daily data have the time zone problem due to the fact that different countries may be located in different time zones, associated with different opening and closing time. In this study, except for the U.S. located in North America, the other seven countries are all Asian countries, and they have the same or adjacent time zones. Figure III-1 indicates the open and close time for the Asian stock markets and the U.S. stock market for two consecutive days. The non-synchronous trading hours are likely to make the evidence of spillovers spurious (Brooks and Henry, 2000) . However, with the development of the internet, and the associated rapid dissemination of information, non-4 The code of DATASTEAM for each index is given in parentheses. 5 Thailand's index is from January 1, 1996, to December 31, 2012. 6 We also checked several estimated results without zero returns, and there are no significant differences in the results.
synchronous trading hours should be a minor issue when it comes to the estimation of spillover effects. In this study, we used widely accepted benchmark indices for all eight selected countries, and each index describes the overall performance of large-capitalization firms in the respective country, and represents the equity market in that country. The S&P 500 index is a capitalizationweighted index and tracks 500 leading companies in ten sectors. This index is considered as the most accurate reflection of the U.S. financial market situation. 7 TOPIX is a commonly used index and includes about 1,700 institutions in 33 industries listed on the Tokyo Stock Exchange First Section. This index is a free-float adjusted market capitalization-weighted index. For a number of statistical reasons, it is preferable not to work directly with the price series, so that raw price series are usually converted into series of returns (Brooks, 2002) . Additionally, returns have the added benefit that they are unit-free. The continuously compounded daily returns for each stock market are expressed in percentages computed by multiplying the first difference of the logarithm of stock market indices by 100:
where P t is the stock market price index at time t. Figure A -2 in the Appendix shows the price return series against time of each index. All of the series exhibit the typical 'volatility clustering' of high frequency financial data. As a matter of course, the Jarque-Bera statistics (Jarque & Bera, 1987) which gives the form:
where S is skewness and K is kurtosis, also indicate that we should reject the null hypotheses of normality at the one percent level of significance for all series.
Besides some basic descriptive statistics, Table III -2 also gives Q-statistics and their p-values for Ljung and Box (1979) test. The Q-statistic at lag m is a test statistic for the null hypothesis that there is no autocorrelation up to order m and is computed as:
, where r k is the k-th autocorrelation and N is the number of observations. Based on the Qstatistics reported in Table III Said and Dickey (1984) who improve the Dickey-Fuller (DF) test (Dickey and Fuller, 1979) to allow for the series to be autocorrelated at higher order lags. The null hypothesis of an ADF test is that there is a unit root in the series 15 The squared returns can be used as a proxy for volatility.
tested. However, the KPSS test (Kwiatkowski et al., 1992) tests whether the series is stationary rather than non-stationary. The results of these two tests are presented in Table III-3 16 . We use a 1% level critical value for the ADF test since we expect strongly reject the null hypothesis, and use a 10% level critical value for the KPSS test since we expect strongly accept the null hypothesis. All of the return series are stationary since we can strongly reject the null hypothesis of the ADF test at the 1% significant level and also cannot reject the null hypothesis for the KPSS test at the 10% significant level. Therefore, the two tests give us a consistent conclusion which is the return series of each stock index is stationary.
In addition to using the full sample period, in order to test the relationship behaviors in the short run, especially through the financial crisis, this study also includes two sub-sample periods.
The first period is from 1997-2001 which includes the Asian financial crisis, and the second period is from 2008 to 2012, which includes the U.S. subprime financial crisis 17 . These two periods are considered because changes in market correlations take place on a continuous basis and not only arise as the results of a market crash but also as a consequence of many major economic, financial, and political events (He, 2001 ).
Methodology
As the aim of this study is to consider the interdependence across different types of markets, and given the data features observed in the previous section, multivariate GARCH models will be appropriate. Then, these require that we specify the models used for both the mean and the variance-covariance equations.
For the mean equation, as all of the series are stationary, we can present a Vector
Autoregressive model for the mean equation which was made popular by Sims (1980) and applied to financial data by Hamilton (1994) . Let = ( 1 , 2 , … , )′ denote an (n*1) vector of observation on a time series variable. The basic k-lag vector autoregressive (VAR(k)) model has the form
where the ∅ are (n*n) coefficient matrices. The VAR model allows us to analyze the return spillovers across different stock markets. In this study, we do not pay much attention to the return spillover. However, we still carefully specify the mean equation in order to improve the quality of the entire system. We use information criteria to choose the most appropriate lag order for the VAR model since they are often used as a guide for selecting models (Grasa 1989 However, since there is only a slight difference between the third and forth lag for the first three countries but a relative apparent difference for the latter three countries, plus the results of residuals diagnostic testing (shown in the next section), we choose lag order equal to four for all countries. Therefore, the trivariate VAR (4) If we only apply a VAR model, should be an (n*1) unobservable zero mean white noise vector process with time invariant covariance matrix ∑. However, financial analysts noticed that the amplitude of the returns varies over time and describe this as "volatility clustering" (Fama, 1965 , 2007 and Mandelbrot, 1963 , so modeling time-varying second-order moments is crucial.
Autogressive Conditional Heteroskedasiticity (ARCH) models (Engle, 1982) and generalized Autogressive Conditional Heteroskedasiticity (GARCH) models (Bollerlev, 1986) 
where vech(.) denotes the operator that stacks the lower triangular portion of a symmetric matrix into a vector. However, the limitation of this model is the large number of parameters that need to be estimated. The number of parameters is N(N+1)(N(N+1)+1)/2, so even in a simple case with N=2 (p=1, q=1), there are still 21 parameters that need to be estimated. If N=3, there will be 78 parameters to be estimated. Additionally, it is also difficult to guarantee the positivity of H t without imposing strong restrictions on the parameters (Gourieroux, 1997) . In order to overcome Nevertheless, as the A and G matrices are diagonal, each element of H t depends only on its own lag and on the previous value of the shocks. Thus, the DVEC model does not capture the volatility spillover effects between different markets, and also the diagonal VECH model still cannot guarantee H t is positive definite. In order to overcome these two problems, Engle and Kroner (1995) propose the BEKK model which generates a new parameterization of H t . The BEKK (1,1) model is defined as follows:
where C is an (n x n) lower triangular matrix for constant and A, G are (n x n) parameters matrices. The BEKK model guarantees positive semi-definiteness by working with quadratic forms. In addition, like the GJR-model in univariate case, the researchers are also interested in how to extend the multivariate GARCH model to allow for the asymmetric response of volatility 18 In order to simplify the equation, we show only the first lagged order for the following models, but these models can be extended to higher orders.
positive shocks. Kroner and Ng (1998) extend the BEKK model to capture this asymmetric property of the time-varying variance-covariance:
where is defined as if is negative and zero if otherwise.
In the trivariate case, the BEKK model becomes: From the above equations, we can analyze the variance, or volatility associated with each country. The diagonal elements of the matrix A (a ii ) measure the effect of shocks on its own country's volatility, and the off-diagonal elements of the matrix A (a ij ) capture the effect of country i's shock on country j's volatility, in order to measure the linkages or transmissions between country i and country j. In the above equation, in order to save space, we omit the asymmetric terms, as the parameter matrix D has a similar expression to the matrix A. However, the parameters in the matrix D measure the asymmetric response to the negative shocks or 'bad news'. The past volatility effects are measured by the matrix G. The diagonal elements of matrix G (g ii ) capture the own past volatility effect on its conditional variance, and the off-diagonal parameters in the matrix G (g ij ) measure the effects of past volatility of market i on market j's conditional variance, also known as "volatility spillover". In addition, just as we confirm the lag order for the VAR model, in order to model the variance-covariance equation, we should also confirm the lag order for the BEKK model. In most case, the GARCH (1,1) specification is particular popular. Engle (1995, p.xii) However, Bodurtha and Mark (1991) and Attanasio (1991) find that a high order of the ARCH term should be employed in removing the ARCH effect in the residuals. French and Roll (1986) also find the well-known weekend effect where the variance of returns tends to be higher on days following closures of the market, and this can lead to high-order ARCH models. In this study, we choose the BEKK (1,1) to model the variance-covariance equation, for two reasons. First, almost all of the groups in both the full sample and the sub-samples can pass the diagnostic test. Second, both the BEKK model and the VAR model include a large numbers of parameters, and if we increase the lag order for the BEKK model, this poses practical issues. Engle and Kroner (1995) and Kroner and Ng (1998) state that the above system can be estimated efficiently and consistently using full information maximum-likelihood method. Let L t be the log likelihood function of observation t and n be the number of stock indices. L is the joint log likelihood function assuming normally distributed errors, given by:
where T is number of observations and represents the parameter vector to be estimated.
several iterations were performed with the simplex algorithm which is a derivative-free method to obtain the initial conditions. The BFGS (Broyden, Fletcher, Goldfarb, Shanno) algorithm is then employed to obtain the final estimate of the variance-covariance matrix and the corresponding standard errors.
Empirical results
This section presents the estimation results from both the full sample and the two sub-sample periods. There are not only six Asian emerging markets, but also two developed countries being analyzed, thus, we divided them into six groups, and each group includes the U.S., Japan and one of the emerging markets. We use the numbers 1, 2 and 3 to stand for the U.S. market, the Japanese market and one of the emerging markets, respectively. For the mean equation, we adopted the VAR (4) specification for the full sample estimation and VAR (2) In addition, since the parameters in the BEKK model are shown in quadratic form, the signs of the coefficients are irrelevant. Therefore, we report the absolute value of each coefficient in Table V-1~3 . 21 Moreover, these tables also include the mean of the six groups 22 for each parameter in order to comparing the overall impacts.
The evidence of stock market linkages from full sample period
The full sample covers 20 years and it can be used to analyze the long run transmissions between developed markets and emerging markets. The estimation results are presented in Table   V -1. The diagonal parameters in the matrix A measure the effect of own past shocks on its conditional variance. As shown in Table V -1, the estimated diagonal parameters (a 22 and a 33 ) are significant in all groups, and a 11 are significant in some of groups. If we compare the magnitude of the average values of these three parameters, the shock of an emerging market has the largest effect (0.2361) on its own conditional variance, and the U.S. stock market has the smallest own shock effect (0.0488). The magnitude of past shock effect from the Japanese stock market on its own variance are 0.1592, which is between that of the U.S. market and the emerging markets.
This result indicates that past shocks play a greater role in the volatility of the emerging markets than those in the volatility of the developed markets, and this can be explained by the fact that a more mature market will less affected by its own past shocks. In addition, among the emerging markets, the range of a 33 is from 0.2085 (Indonesia) to 0.2681 (Malaysia).
21 Table V 22 We give each parameter an equal weight, since we consider each emerging market we examined to be equally important. We also calculate a standard error for each average number by giving equal weights.
Besides the overall past shock effects, we also consider the asymmetric response of volatility, and the diagonal parameters of the matrix D capture the asymmetric response of a market to its own past negative shocks or "bad news". The estimated coefficients are still highly significant in most cases, but in this case, the average values of d 11 , d 22 and d 33 indicate that the developed countries have a more evident response to the negative shocks than do the emerging markets.
The magnitude of the U.S. stock market's reaction to its own negative shocks is 0.3391, and that for the emerging market is only 0.2363. Moreover, for the developed market, both the U.S. and Japan, the negative shocks have a greater effect (0.3391, 0.2886) than the effects from the overall shocks (0.0488, 0.1592) on its own conditional variance, but for the emerging markets, the magnitudes of the overall shock effect (0.2361) and the negative shock effect (0.2363) are almost the same. Although the average effects for the emerging markets have no obvious differences under the two different shocks, the range of the negative shocks effects is from 0.1782 (China) to 0.2991 (Indonesia), which is greater than that of overall shocks effects, from 0.2085 (Indonesia) to 0.2681 (Malaysia).
The diagonal parameters in the matrix G measure the effect of past volatility of a market on its conditional variance. All of the estimated parameters in the diagonal matrix G are significant at the 1% level. Also, the magnitudes of the diagonal parameters are close to one, and that indicates a typical characteristic of the financial data, which is a high degree of volatility persistence. The volatility persistence is lower for the emerging stock markets than that for the U.S. stock market, indicating that the emerging markets derive relatively less of their volatility persistence from own past volatility than do the developed markets.
An important aspect for this study is analyzing the transmissions across markets such as shock and volatility spillovers, and the off-diagonal parameters in the matrices A, G and D can capture these transmissions. First, we focus on the off-diagonal parameters of the matrix A, which indicate the overall shock spillovers among the U.S., Japan and the six Asian developing countries. From Table V -1, the highly significant coefficients a 12 and a 13 indicate that there are shock spillovers from the U.S. stock market to the Asian stock markets. The average values of a 12 and a 13 are 0.1335 and 0.0829, and that means the transmissions are stronger between developed markets than that between a developed market and the emerging markets, in the long run. However, there is not enough evidence to show that the shocks of the Japanese market also affect the volatility of the U.S. stock market, since the average value of the parameter a 21 is not significant. Thus, there is only a weak unidirectional past shock spillover between the U.S. stock market and the Japanese stock market. However, the parameter a 31 is significant in some cases (India, the Philippines and Thailand) and the average value of a 31 is also significant at a 5% level, but the average value of a 31 (0.0143) is far less than that of a 13 (0.0829). The results show that there is a weak past shock spillover from some emerging markets to the U.S. market. It seems that our results support the conventional expectation that the spillover is usually from a developed market to a less developed or emerging market. However, there is one thing that requires attention, and that is the different time zones issue. We cannot exclude the possibility that these highly significant shock spillovers from the U.S. market to the Asian markets are partly due to the quick spread of information. Moreover, no evidence indicates there are past shock spillover from the Japanese stock market to the emerging markets since a 23 is not always significant. However, the average value of a 32 is significant at the 10% level, since this parameter is highly significant in some countries (India, Philippines and Thailand). Overall, we indeed have evidence showing that there are past shock spillovers among the U.S., Japan and the Asian developing countries, and these transmissions are consistent with the "global centre' hypothesis, that a global centre such as the U.S. plays a major role in the transmission of news that is macroeconomic in nature (Li, 2007) . In addition, in some emerging markets (India, Philippines and Thailand), there are bidirectional linkages with the U.S. market.
What can be said about the spillover across different markets for only a negative shock? If we only consider negative shocks, the previous existing transmissions are not significant anymore.
From Table V -1, there is no significant "bad news" spillover from the U.S. market to the Japanese market, and the significant spillovers are only found in some emerging markets (China, India and Philippines). In addition, if we do not distinguish between positive and negative shocks, the past innovation effect from the U.S. market on emerging markets (0.0829) is smaller than that on the Japanese market (0.1335), but if we focus only on negative shocks, the emerging stock markets have a slightly greater reaction (0.0344) for the past negative shocks from the U.S.
than from the Japanese stock market (0.0310). Moreover, the average values of d 12 and d 13 (0.0310 and 0.0344) are far less than those of a 12 and a 13 (0.1335 and 0.0829). These results suggest that the overall shock spillovers are much stronger than "bad news" spillovers from the U.S. market to Asian markets. Also, the average value of d 23 , which measure the negative shocks from the Japanese stock market to the emerging stock markets is significant at the 5% level since some groups (China, India, and Malaysia) have significant estimates of d 23 , and that means these emerging markets have significant reactions to the negative past shocks from the Japanese stock market. Especially, the Indian stock market is the only one that has bidirectional negative shock spillovers with both the U.S. market and the Japanese market, since d 13 , d 31 , d 23 and d 32 are all highly significant. Summarizing the two different shock spillovers, the overall shock spillovers across markets are more likely to happen, and have greater impacts, than the negative shock spillovers in the long run.
For the volatility spillover, the only highly significant parameter in all groups is g 23 , which measured the volatility spillover from the Japanese stock market to the Asian emerging stock markets. The range of this parameter is from 0.0364 (India) to 0.0130 (Thailand), and the average value is 0.0195. However, this spillover is only unidirectional, since the estimates of g 32 are insignificant in all groups. Unlike the overall past shock spillovers, we find no evidence to show there are significant volatility spillovers from the U.S. stock market to Asian stock markets during the full sample period, however, there is evidence indicating a very weak volatility spillover from the Asian markets to the U.S. market, since the average values of g 21 and g 31 are significant at the 10% and 5% levels, respectively. In general, the volatility spillover is not as obvious as the shock spillover during the full sample period.
The evidence of stock market linkages from two sub-samples
The previous results are based on the full sample, spanning from 1993 to 2012. We find some evidence of linkages across different markets in the long run. In this part, we will examine whether these transmissions still exist in the short run and also compare the differences between the short run and the long run results. The two sub-samples we choose are based on the occurrence of two major financial crises, and each sub-sample spans five years. We include the following five years because, as pointed out by He (2001) , changes in market correlations take place on a continuous basis and not only arise as the results of a market crash, but also as a consequence of many major economic, financial, and political events.
Asian financial crisis period (1997-1-1 to 2001-12-31)
The first sub-sample we choose is during and after the Asian financial crisis. The Asian financial crisis started in July 1997 with the devaluation of Thai baht, and then rapidly spread to other economies in Southeast Asia through trade channels. Most diagonal parameters from the matrices A and D are still significant except for the average value of a 11 , which is not significant in the sub-sample estimation. It seems that in the short run, the volatility of the U.S. stock market is not influenced by its own past shocks.
Comparing with the full sample coefficients, the average value of a 22 becomes smaller (0.0765), and significant only at the 10% level, but the average value of a 33 becomes larger (0.2833) than that in the full sample estimation. The reason may be that this period was going through the Asian financial crisis, so the Asian emerging markets are not stable and are much easier influenced by the previous shocks. Although a 11 is not significant during this time, the strongly significant estimate of d 11 shows that the U.S. market is still influenced by its past "bad news", and also the average value of d 11 is almost unchanged compared with the average value in the full sample. As with the overall shock effects, the negative shock effects on the volatility during this time are smaller for the Japanese stock market (0.2198), and larger for the emerging markets (0.2930), compared with these average values in the long run. The diagonal parameters of the matrix G are still highly significant, but the magnitudes for these parameters are smaller than those in the full sample period. The result suggests that own-volatility effects had less influence during the Asian financial crisis than over the full period.
However, the spillovers across the markets in the short run seem to be more apparent than those in the long run period. During this period, we find a significant bidirectional shock spillover between the U.S. market and the Japanese market, since both a 12 and a 21 are highly significant. In the full sample period, we find a significant unidirectional shock spillover only from the U.S. market to the Japanese market. However, in the sub-sample estimation, there is no evidence to show that there are any significant linkages between developed markets and the emerging markets. An exception is the Indian case. Both a 13 and a 23 in the Indian group are 23 The complete estimation results of sub-sample periods are available on request.
highly significant, and this means that there are significant past shock spillovers from the developed markets to the Indian market. However, these linkages are only unidirectional during that time. The negative shock spillovers have similar effects. There is still a bidirectional linkage between the U.S. and Japan, but this time, the average value of the negative shock spillover from Japan to the U.S. is significant only at the 10% level. Apart from this linkage, the other average values of the parameters are not significant. However, if we look into each case, Malaysia was easily influenced by the negative shocks from the developed markets since both d 13 and d 23 are highly significant in the Malaysian group. Table V-2, Panel C, presents the volatility spillovers.
In the contrast to the full sample estimation results, where only g 23 is significant, in this subsample period, we find a strong bidirectional volatility spillover between the U.S. stock market and the Japanese stock market. The significant average values of g 13 and g 31 mean that we can also find strong bidirectional volatility spillovers between the U.S. market and the emerging markets. During the Asian financial crisis period, the volatility spillovers across different markets were more active than those in the full sample, but there is no evidence indicating that the past volatility of the emerging markets was transmitted to the Japanese market.
The U.S. Subprime financial crisis period (2008-1-1 to 2012-12-31)
After all, the Asian financial crisis happened in 1990's. As the global interaction and technology develop, the short run linkages between the developed markets and the emerging markets may change as time goes by. Thus, besides the Asian financial crisis period, we also consider a more recent period -the last five years in the dataset, and the subprime financial crisis also happened during this time. The estimation results are shown in Table V -3.
The diagonal parameters of the matrices A and D are still highly significant except a 11 , and these results are consistent with both the long run and the short run results. Except for the U.S. stock market, both the Japanese and the emerging markets are influenced by their own past shocks in both the short run and the long run, suggesting that the more mature the market, the less reactions there are to the past innovations. However, the mature market will have a greater reaction than the emerging markets to negative shocks. In addition, the highly significant diagonal parameters of the matrix G indicate the high degree of persistence. However, the magnitudes for Japan and the developing countries are smaller here than those in the full-sample period.
Consistent with the long run results, the U.S. stock market plays an important role since its past shocks highly affect both the Japanese market and the emerging markets' current volatility, and this is not only for the overall shocks but also for negative shocks. Besides these connections, we also find a significant bidirectional shock spillover between the Japanese market and the emerging markets during this time, because the average values of these two parameters are significant, at least at the 5% level. However, if we consider the negative shocks separately, the negative shock spillovers from the emerging markets do not affect the Japanese market's volatility, since the average value of d 32 is not significant. In contrast to the volatility spillovers occurring in the first sub-sample period, in the more recent years, only g 23 and g 32 are highly
significant. Recalling that a 23 and a 32 are also significant during this period, we can say that there are not only shock spillovers but also volatility spillovers between the Japanese stock market and the emerging stock markets. Nevertheless, we find no evidence showing that there is a connection between the U.S. market and the Asian emerging markets. If we compare the average value of g 23 in the long-run (0.0195) and in the short-run (0.0844), we can conclude that the linkage between these two markets became stronger recently. Moreover, if we look into the results case by case, we find that the stock markets in China, India, Indonesia and Malaysia all have relatively strong volatility spillovers with the Japanese stock market. Especially for Indonesia and Malaysia, the magnitudes of g 32 are 0.1824 and 0.1510 respectively, which are obviously higher than for the other countries. 
Concluding remarks and future work
In both the long run and the short run, the emerging markets are more affected by their own past shocks, as compared to the developed markets. The extent of the own shock effect is almost the same for the U.S. market, but the gap of the own shock effects between the Japanese market and the emerging markets became smaller from the late 1990's to the most recent five years.
However, these findings change if we consider just "bad news". The U.S. stock market has the greatest own negative shock effect among all the markets we analyzed, and this is robust in both the short run and the long run periods. The results indicate that the emerging markets seem to be more affected by "good news". Nevertheless, no matter in which markets, the negative effects are stronger than the overall effects. The own past volatility effects are highly significant in all cases, and the U.S. market has the highest degree of the persistence during the whole sample period. However, during the Asian financial crisis sub-sample period, the own past volatility effect for the U.S. market became the smallest one, and the Asian emerging markets had the highest average value of this effect. The results suggest that the U.S. market derives relatively more of its volatility persistence outside the domestic market, probably coming from Asian markets since the financial crisis.
In addition to analyzing the own shock and volatility influences, we also focus on the shock and volatility spillovers across different types of markets. The U.S. stock market, as the central one in the world, has unidirectional shock spillovers to both the Japanese and the emerging stock markets, and these transmissions are robust in both the long run and the short run. Especially for the emerging markets, the extents of these spillovers from the U.S. market not only became more and more apparent, but also became higher than those for the Japanese market during the recent five years. If we consider the negative shocks separately, these unidirectional spillovers still exist significantly in the short run, but not in the long run. Moreover, the only significant bidirectional shock spillover is found between the Japanese market and the emerging markets in the recent five years. In contrast to the shock spillovers, the volatility spillovers from the U.S. to other countries are strongly significant only in the Asian financial crisis period, and at the same time, the past volatility of the emerging markets also are transmitted to the U.S. market. Although we do not find shock spillovers from Japan to Asian developing countries in the long run, the volatility spillovers between them are significant in both the long run and the short run. 
